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Abstract. A number of individual bioinformatics applications (particu-
larly BLAST and other sequencesearding methods) have recertly been
implemented over clusters of workstations to take advantage of extra
processing power. Performance improvemerts are achieved for increas-
ingly large sets of input data (sequencesand databases), using these
implementations. We presert an analysis of programs in the EMBOSS
suite based on increasing sequencesize, and implement these programs
in parallel over a cluster of workstations using sequencesegmeration
with overlap. We obserwe general increasesin runtime for all programs,
and examine the speedup for the most intensive onesto establish an
optimum segmeration size for those programs acrossthe cluster.

1 Intro duction

Probably the most popular sequenceanalysistool in presert useis BLAST [1],
a program for aligning sequence®f biological data to investigate similarity. Sin-
gle or multiple sequencedorm a query, which is searted against a database of
sequencesusing a heuristic algorithm. The returned output is a list of match-
ing target sequencesThis whole process(a job) is repeated many thousands
of times a day on publicly available BLAST seners. A number of parallel im-
plementations [8,10,12{14] of the tool have beeninvestigated and proposedat
the levels of sequencequery, database, and job, to improve performance. Ad-
ditionally , a number of other sequenceanalysistools and implemertations [3, 6]
(mostly alignment-based) have also been proposedwhich exploit parallelism at
theselevels.

In this work, we investigateif thesemethods can be applied to a wider range
of tools (hamely the EMBOSS suite [7]), and focus on the performance of the
suite for increasingsizesof sequenceWe presert a parallel implementation that
splits sequencesnto smaller ones(with an overlap to allow examination of the
areaat the split), and distributes these sub-sequenceso a number of machines
(or 'nodes") in a cluster of workstations.

The paper is organisedinto 3 major sections.The following section (Section
2) provides some background information on EMBOSS, along with a discus-
sion of related work in parallel implementations of other programs. Section 3
preseris a serial (non-parallel) analysisof programsin the EMBOSS suite. This



is in order to examine the e ect of increasingthe size of input sequencedata,
and to identify potential opportunities for parallelisation, if any exist. A clas-
si cation of programs is discussed,along with methodology and results. Lastly,
Section 4 presens a parallel implementation, and an examination of results for
the more intensive programsin the EMBOSS suite. A nal section preserts our
conclusions.

2 Background

2.1 EMBOSS

EMBOSS is a suite of programs (presertly 160programsasof release?.8.0) used
in molecular biology, whoseprimary function is to analysesequence®f biological
data. The suite is freely available under the GNU Public License,is open source,
and is maintained and developed at the Rosalind Franklin Centre for Genome
Researt (RFCGR) in Hinxton, Cambridge in the United Kingdom.

Programs are accessiblethrough a number of methods (command line, web
interface, and graphical user interface), and the suite is currently installed at,
and supported by, a number of sitesthroughout EMBnet, the Europeannetwork
of molecular biologists, as well as a number of other sites around the world.

Although initially dewveloped as a free replacemen for a commercial software
padkage,EMBOSS hasa rangeof applications that o er awide functional variety
[4,15] capturing many common tasks of the bioinformatics specialist [9]. For
example, programs in EMBOSS can be usedto locally or globally align DNA
sequencedasedon a number of techniques, predict the 2-dimensionalstructure
of a protein, or calculate evolutionary distancesbetweensequencesn a multiple
alignmert. In addition, a wide number of data formats are supported and many
public sequencedatabases(locally installed) can be usedas sourcesof sequence
data. Finally, there are alsoprogramsfor displaying and editing sequencesvithin
the suite. A more complete classi cation of programswill be discussedn Section
3.2.

Further to the programs included in the suite is an Application Program-
mers Interface (API). This API provides core functions that can be used by
programmersto createtheir own EMBOSS applications, and those applications
of generalbenet can be submitted for possibleinclusion in the suite. Exam-
ples of core functions provided include those for reading and writing sequences
in di erent formats, display functions, math functions, and string manipulation
functions. All programs have a consistert interface, which allows programsto be
embeddedin batch runs, or attached to di erent interfaceswith ease thanks to
the API. Importantly for this study, this facilitates a suite-wide analysis using
commoninput sequencesnd parameters.

2.2 Related Work

Previous analysesof sequenceanalysis methods and programs have exploited
parallelism at di erent levels, focusedon decomposition of major componerts of



the operation and on the operation itself. In [8], three levels of parallelisation
within BLAST are proposed; ne grained (splitting a query), medium grained
(splitting a database),and coarsegrained (splitting jobs). Only the last is further
investigated, and usesthe Portable Batch System(PBS) [2] to distribute BLAST
jobs acrossa cluster of 25 CPUs. Other implementations that split BLAST jobs
are detailed in [10] and [14], which use GNU Queue[16]and a custom Perl script
to managejobs, respectively.

At the databaselevel of parallelisation, a databaseof sequencess split into
a number of parts or ‘fragments’, and the samequery is searded against eac.
In [12] and [13] for example, databasesare divided into equal fragmens on
20 compute nodes, with the analysis extended to many, smaller fragmerts to
achieve better load balancing in the latter case.Additional overheadis incurred
in formatting many fragmens, which substartially decreaseswith additional
processorsalthough an optimum value is not deduced.

At query level, the sub-sequence®sf a single query are examined. Work not
basedon BLAST is presered in [3] for homologoussequenceretrieval, which
usesa hybrid 'bucket' method to sort sequencesand balance load. A dierent
idea, related to job level parallelisation, is cortained in [6], which usesa custom
client/serv er to distribute queriesto compute nodes.

Work preserted at the level of a single sequenceexclusively concernsgenomes.
In [11], splitting a single sequenceinto smaller sequenceswith overlap is con-
trasted with splitting a sequencento 'seeds'(which are identical to parts of the
query sequenceand extendedto facilitate a similarity seard).

In terms of sequencesizes,most investigationslooked at averagesizesof 1,600
basepairs (bp) [3] or less[8,10,12,13]. An exception [11] considered940,000bp
to be small (in the context of processinga genome),and also analysed medium
and large sequencesthe latter caseconstituting a full genome.

In all literature reviewed, examinations at the levels of sequence,query,
databaseand job are exclusive. No hybrid combinations of methods have been
implemerted, with the exception of [6] and [11], with [11] comparing a hybrid
method favourably with a single-level method. In addition, all implementations
concernBLAST or similar sequence-seattmethods. EMBOSS in cortrast, con-
tains a wider variety of sequenceanalysis programs, and this paper seeksto
determine if similar parallel methods can be applied acrossthis spectrum.

3 Analysis of EMBOSS Programs

Parallel implementations of BLAST and similar programs are basedon splitting
data into smaller parts that can be processedin parallel acrossa number of
processors.n order to determine if the sameis applicable to programs in the
EMBOSS suite, we have rst examined the e ects on program run time for
increasing sizesof sequencedata.



3.1 Metho dology

EMBOSS programs were run 5 times ead with the samesequenceon a single
machine, and the time averagedto eliminate atypical values. We repeated this
a number of times with a larger sequencesad time, and plotted the results for
executiontime vs. sizeof sequencgFig. 1). In order to show the e ect of larger
sequencespnly the sequencesizewas changed,and default program parameters
were used.

To implemernt this, a simple shell script was usedthat ran all programs in
a batch job, recording times in a le. Each run of the batch le represened a
single size of sequenceand neededto be run 5 times to averageexecutiontime,
and a subsequeh number of times for larger sequencesA number of programs
took a dierent type of input, suc asa nucleic acid sequenceprotein sequence,
or group of sequenceswhich were accourted for in the batch script.

Default parameterswere de ned within EMBOSS programs themselves, and
in caseswherethey were not, examplevaluesfrom the EMBOSS documertation
(distributed with the suite) were used. The sequencesizeswe used started at
3,000bp (twice the sizeof the largest 'average'sizedsequenceausedin work cited
earlier), and were increasedin incremerts of same,up to 15,000bp.

3.2 Classi cation

All 160 programs of the suite are classi ed into 33 groups, viewable either with
the 'wossname’program, or on the EMBOSS website [15]. However, a number of
programsare duplicated in more than onegroup, and a number of programshave
similar functions (at least in the context of observing their responseto larger
data sizes).We have chosento usethe de ned groupingsregardless,in order to
give a truer represenation of e ect acrossthe function groups. However, for the
purposesof brevity, we further classifythe programs, basedon group namesin a
de ned list. Thesegroups are Alignment, Display, Edit, Features,and Proteins.

A number of programsare eliminated from our examination on the basisthat
they are houseleepinguitilities, or do not useeither sequence®r databaseswvhen
run.

3.3 Results

The graphsin Fig. 1 detail run times (in log (seconds))for programs with in-
creasingsequencssize(bp). A number of obsenations canimmediately be made.
Firstly, in ead of the graphs there is a strong conceriration of lines with the
sametrend, bar a few exceptions,telling us that relatively few programs show
markedly extreme behaviour as sequencesize increases.Secondly the general
trend for all programs is an increasein runtime. Thirdly, Fig. 1(a), Fig. 1(c),
and Fig. 1(e) on the left hand side (Edit, Display, and Features respectively)
vary in the space0-1 secondswhereasFig. 1(b) and Fig. 1(d) on the right (Pro-
tein, and Alignment respectively) have mostly longer runtimes, from 0.1 seconds
up to 654 secondswith 15,000bp. Clearly, non-houseleeping applications take



longer (run-times greater than 1.0 seconds).A number of programsin particu-
lar have runtimes that are 10-100times slower than the majority. The slowest
10 are (in ranked order) einverted, est2genomematcher, dotmatcher, stretcher,
wordmatch, dan, palindrome, sirna, and supermatcher, all described in [15].
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Fig. 1. Execution times for 110 programs of the EMBOSS suite, classi ed asper Section
3.2. X-axis values are in bp (3000, 6000, 9000, 12000, 15000), and Y-axis values are
in log (seconds). The Protein and Alignment groupings contain the most intensive
applications, with times in excessof 100 secondsfor the largest sequencesize



4 Parallelisation of EMBOSS

In this section we introduce a parallel implementation basedsolely on sequence
segmetation, and examine the resulting performance acrossa cluster of work-
stations.

4.1 Metho dology

For this implemertation we adopted a method favoured by a number of previous
implemertations [10,14], namely the UNIX script wrapper. This method is fast
and easyto dewelop, and allows program execution to be manipulated without
alteration of sourcecode (unlik e an alternative method of implementation, MPI
[5], which is an API for inserting messagegpassingroutines into sourcecode). A
disadvantage is that the scripts do not incorporate load-balancing capabilities
available in [6], although those capabilities can be added. Strictly, these are
not neededto evaluate the raw e ect of a parallel implementation, which is of
primary concernin this paper.

Using the EMBOSS AP, the potential existsfor sequenceso be split within
the suite by individual programs, although this placesthe burden of input seg-
mentation on ead individual program, while patterns may be common acrossa
number of programs.

Using the example of [11], we split a query sequenceinto smaller sequences
with an overlap. To do this we rst usean EMBOSS program called 'splitter’,
which performs the split with a given overlap. Secondly we remotely copy the
smaller sequencego compute nodes using the UNIX utilit y "rcp”. Thirdly , we
initiate the analysis on the compute nodes using the UNIX utilit y "rsh", and
nally , use rcp again to collate the results. The execution time required for
this ertire processis included in the results (Section 4.3), in order to show the
scalability of all programsin the EMBOSS suite.

For the data, we chosea large sequencesize(relativ e to the analysisin Section
3), i.e. 60,000bp.At four times the sizeof the largest data usedin Section 3, this
facilitates split sizesin a rangethat we have already examined. We keepthis size
constart to examine the improvemerts in performance over di erent numbers
of nodes (the 'scalability’). The relative speeduptells us how fast the program
performs comparedto a serial run on a single node, and is de ned simply asthe
time taken on n nodesdivided by the serial time taken on a single node.

4.2 System

The systemusedis a modestlab-basedcluster of 15 workstations, eat with a sin-
gle PentiumPro running at a clock speedof 180 megahertz(Mhz), 64 Megabytes
(MB) of memory, and a 4 Gigabyte (GB) hard drive. Fast Ethernet at 100MB/sec
connectsthe system.



4.3 Results

Welillustrate resultsbelow on a small selectionof programs,randomly takenfrom
the group with the highest executiontime (lowest performance).In both graphs
(Fig. 2(a) detailing execution times and Fig. 2(b) detailing relative speedup)
there is a sharp increasein performancefor a small number of nodes, up to ap-
proximately 5, wherethere are minor increaseauntil 12 nodeswhere performance
starts to decrease(e.g. palindrome and sirna). An optimal number of nodesto
usecan be taken as the lowest value from this interval.

It can be seenfrom the graphs that performance improvemens degrade
quicker for programswith shorter executiontimes, over a large number of nodes.
For sirna (shortest execution times), speedup has changedinto 'slowdown' over
13 nodes, whereasfor einverted (highest execution times), a minor speedup is
still maintained. Given that execution times increasefor a single program given
a larger sequenceg(as shown in Section 3), there is the potential for speedupto
improve for any given program, given a larger sequencesize (e.g. genomesize).
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Fig. 2. Results for 4 programs most reactive to sequencesize. X-axis valuesare number
of nodes used. Y-axis valuesfor (a) are execution times in log (seconds). Y-axis values
for (b) are magnitude of speedup

5 Conclusions

In this paper we have preserted both an analysisof 110programsof the EMBOSS
suite and a parallel implementation, basedon the variable of sequencesize. In
the analysis of the suite, we were able to show that the runtimes of all programs
were increasedfor an increasing sequencesize. We also showed that the run
times most a ected were in the categoriesof Alignment and Proteins, whereas
tools in Display, Edit, and Features, although a ected, were substartially less
so.With parallelisation basedon sequencesegmetiation we were able to identify



a plateau of optimum performanceacrossa number of nodes (between5 and 12,
depending on the program used)for a selectionof the most intensive applications,
and suggestan improvemert in program speedupgiven a larger size of sequence
(as shawn for programs with larger execution times). Overall, a parallelisation
of EMBOSS programs is viable, at least from the point of view of increased
sequencesize,with major performanceimprovemernts possiblefor a small number
of crucial suite applications in particular.
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